Abstract: This paper proposes a hierarchical look-ahead framework to conduct conservation voltage reduction (CVR) when distributed energy resources such as solar photovoltaic (PV) systems and energy storage systems (ESSs), and demand response programs are integrated into distribution systems. With the increasing deployment of PV systems in distribution systems, their frequently varying power output due to cloud movements could have a detrimental impact on the consumer's voltage quality, consequently leading to degraded CVR performance. A two-level CVR framework for the coordination of an on-load tap changer (OLTC), capacitor banks (CBs), and the smart inverters of PV systems/ESSs is presented, in which these elements operate to reduce the voltage profile along the distribution feeder at different temporal scales. At the global level, the operations of the OLTC and the CBs are scheduled every hour to achieve the best CVR performance in an optimization problem using mixed-integer linear programming. When voltage violations occur rapidly, the smart inverters of PV systems and ESSs help to maintain a lower voltage profile every second based on the proposed piecewise droop control functions at the local level. A simulation study is carried out in an IEEE 33-bus distribution system with an OLTC, CBs, PV systems, and ESSs, and our results demonstrate the advantages of the proposed approach in terms of voltage level and energy savings. Furthermore, the impact of demand reduction on the proposed approach is quantified, and we verify that a higher demand reduction yields more energy savings in the proposed framework.
Introduction
Conservation voltage reduction (CVR) is one of the main applications of Volt/VAR optimization (VVO) in distribution management systems (DMSs). CVR lowers distribution voltages to allow for consumer energy savings and peak demand reduction while keeping consumer voltages above the minimum operating limits [1] . In traditional CVR schemes, a single entity is designed to lower the voltage at all consumer feeding points in the entire distribution grid through the coordination of voltage regulators (VRs) such as on-load tap changers (OLTCs) at substations, step-type voltage regulators (SVRs), and capacitor banks (CBs), in a centralized manner. In such schemes, the centralized CVR optimization problem is formulated, where the operations of the VRs (e.g., tap changing of OLTC/SVRs and switching of CBs) are optimally scheduled for day-ahead or real-time periods.
Owing to the high penetration of distributed energy resources (DERs), such as solar photovoltaic (PV) systems, energy storage systems (ESSs), and electric vehicles (EVs) in recent years, along with various demand response (DR) programs, intermittent DER power outputs and uncertain load consumptions can lead to unexpected and significant voltage changes in distribution feeders. In such situations, the centralized CVR method with slow-responding VRs may not obtain the desired CVR benefits because the operation of traditional VRs is not sufficiently fast to correctly regulate voltages that quickly change because of DERs and DR. Furthermore, the computational complexity of the centralized CVR method increases as the net load profile of consumers changes frequently due to the deployment of a significant number of DERs, and due to the interaction of DRs between utilities and consumers. Our study is motivated by a desire to develop a fast and distributed CVR strategy using whose voltage along the distribution feeder can be regulated efficiently in smart distribution systems with DERs and DR.
The main objective of this paper is to propose a hierarchical multi-time scale look-ahead CVR framework for smart distribution systems. The proposed CVR framework consists of two control levels: a global level and a local level. At the global level, voltage reduction can be achieved through the coordination of a slow-responding OLTC and CBs along with the smart inverters of DERs in an optimization problem. Because rapid variations in solar power occur owing to cloud transients, only quickly responding smart inverters of DERs are controlled based on the designed droop control functions to maintain an acceptable low-voltage profile at the local level.
As an increasing number and variety of DERs and DR program participants are being connected to residential distribution grids, their flexibilities must be efficiently managed to increase the reliability of distribution grids, minimize power delivery losses from the perspective of utility, and provide high-quality electricity (in particular, high voltage quality) to consumers. The IEEE Standard 1547 for interconnection and interoperability between distribution systems and DERs was published in 2003, and the IEEE Standard 1547a, which is a revision of 1547, was announced in 2014. In IEEE Standard 1547a, DERs and DR resources are allowed to actively participate to regulate the distribution grid voltage at the point of common coupling (PCC) by changing their real and reactive power [2] . Modern DERs are equipped with advanced power electronics, namely smart inverters. They help DERs actively control their real and reactive power outputs to achieve the desired voltage regulation when abnormal voltage conditions are detected using local measurements from the DERs or smart meters in advanced metering infrastructures.
The representative method for smart inverter-based local voltage control is to use the piecewise droop control functions of DERs [3] . Droop control functions can be implemented in three modes: (1) the capacitive mode for injecting reactive power; (2) the inductive mode for absorbing reactive power; and (3) the dead-band mode, in which reactive power is neither injected nor absorbed. Based on the specified droop curves and collected local voltage measurements, the key principle of local voltage control is to quickly absorb or inject reactive power at the corresponding DERs when voltage suddenly exceeds its maximum limit or falls below its minimum limit; otherwise, no reactive power injection/absorption occurs. According to different types of measurements, such as measurements of voltage and PV power output, as well as the curtailment of real power, a variety of local voltage control methods were proposed in [4] .
As the results of CVR field tests were first published in 1973 [5] along with a summary of the history of the implementation of CVR in the 1970s [6] , a large body of literature on the development of CVR algorithms and their impact assessment in distribution systems has recently been accumulated. Concise summaries of implementation strategies, evaluation methods, and practical applications of CVR were presented in [7, 8] . A review of literature related to our work can be categorized into the following three parts:
• Centralized approach: To reduce voltage in distribution systems, CVR was traditionally designed to be conducted in a centralized manner, where the CVR application in the DMS simultaneously determines the operating references for all voltage regulating devices and DERs in an optimization framework. Using mixed-integer nonlinear programming (MINLP), day-ahead models with voltage regulating devices [9] and model predictive control (MPC)-based approaches were formulated by considering solar PV and wind turbine (WT) generators [10] . From a planning perspective, several approaches for CVR implementation have been proposed for optimal distributed generation (DG) and ESS placement in stochastic optimization problems along with: (1) uncertain DG outputs/load consumptions [11] ; (2) chance constraints [12] ; and (3) the determination of the optimal location and size of capacitors and DERs in microgrids [13] . Through modeling and estimations for time-varying loads such as air conditioners and refrigerators, the impact of such loads on CVR has been quantified [14] [15] [16] .
• Hierarchical distributed approach: Considerable efforts have been recently devoted to the development of distributed models and algorithms for VVO and CVR. In unbalanced three-phase distribution systems, algorithms to reduce the computational burden have been proposed based on the alternating direction method of multipliers (ADMM) [17] and a two-stage optimization problem [18] . Initially, a distributed architecture that consisted of coordinated and uncoordinated modules, corresponding to normal operation and unexpected transient cloud movements, respectively, was presented, where only traditional voltage regulation devices were used [19] . Recently, because the smart inverters of DERs can be used as fast-responding VAR supporting devices with the revised IEEE Standard 1547 for DER-grid interconnection and interoperability, a variety of multi-time scale-based distributed VVO schemes have been proposed, in which smart inverters and voltage regulating devices cooperate to smoothen the variations in voltage owing to rapidly fluctuating PV outputs and slowly changing load consumptions, respectively. These schemes include a multi-area voltage control scheme [20] , a cooperative strategy between local control areas [21] , a dynamic model of inverter-based DERs [22] , a sensitivity analysis-based distributed control method [23] , and a local power factor droop control curve [24] , and the use of ESSs to improve the voltage profile [25] [26] [27] [28] . More recently, considering uncertainties in the output of PV systems and the load demand, a robust three-stage look-ahead VVC framework was developed, in which OLTC/CBs (in the first stage) and PV inverters (in the second and third stages based on a local droop control curve) are controlled to regulate voltage [29] .
• Fully distributed approach: Compared with the centralized and hierarchical distributed approaches, a fully distributed approach requires no central coordinator or distribution network model to regulate voltage. An inverter-based model-free VVO scheme has been proposed, in which each local agent is coordinated with each other to adjust their reactive power and curtail the active power in order to alleviate overvoltage phenomena [30] . In [31] , a fully distributed architecture, called power electronics intelligence at the network edge (PINE), was proposed, in which the proposed PINE converters can improve the voltage profile of the end consumer without requiring a network model.
In addition to the aforementioned literature, the impact of DR on voltage quality has been studied, including the demand response mismatch (DRM) problem associated with the load's voltage dependency [32, 33] , a voltage unbalance mitigation strategy considering demand side management in microgrids [34] , and an integrated DR and VVC algorithm in a multi-agent system [35] .
However, much recent research on distributed and hierarchical VVO methods has focused only on maintaining voltage quality without explicitly considering energy savings from CVR. The primary goal of this paper is to propose a two-level CVR method applicable to smart distribution systems with high penetration of DERs and to verify the effectiveness of the proposed method using numerical examples.
The main contributions of this paper are as follows:
• We propose a distributed and hierarchical multi-time scale voltage control scheme to perform CVR in smart distribution systems. In the global control scheme, a mixed-integer linear programming (MILP)-based look-ahead optimization problem is formulated, in which the operation schedules of the voltage regulating devices (e.g., OLTC and CB) as well as PV system/ESS inverters are calculated every hour to decrease the entire feeder voltages and consequently achieve energy savings. The local control scheme involves only the inverters of the PV systems and ESSs when voltage violations occur rapidly owing to intermittent PV generation. Using the proposed CVR-based droop control curves, the amount of real and reactive powers injected into or absorbed by the PV systems and ESSs are determined every second to significantly mitigate quick voltage violations and achieve further CVR energy savings.
•
We propose asymmetric piecewise droop control curves that can be used to conduct CVR in the local control scheme, namely a Volt-VAR curve for PV systems/ESSs and a Volt-Watt curve for the ESSs. The droop curves rely on two parameters from the global control scheme: the solution of the real/reactive power and voltage deviation from the lowest voltage limit. Based on these curves, which are updated every hour, the PV systems and ESSs perform voltage regulation every second to save energy via CVR.
Numerical examples to test and verify the performance of the proposed CVR approach are illustrated in a IEEE 33-bus distribution system with OLTC, CBs, PV systems, and ESSs. The results show that the proposed method can achieve greater energy savings than the VVO method without CVR through the optimal coordination of the OLTC, CBs, PV systems, and ESSs. We also verify that the local control scheme based on the proposed droop control functions mitigates voltage violations and further save CVR energy. Furthermore, we quantify the impact of demand reduction on the proposed method, and point out that a higher demand reduction results in greater energy savings.
The rest of this paper is organized as follows. Section 2 provides an overview of the proposed hierarchical CVR framework. Section 3 presents the formulation of the proposed CVR algorithms, which consist of a global control scheme in the MILP optimization problem and a local control scheme based on the proposed droop control functions. The simulation results for the proposed CVR approach are provided in Section 4, and the conclusions are given in Section 5.
Overview of the Proposed Hierarchical CVR Framework
The proposed hierarchical CVR framework consists of two control schemes that have multiple time scales, namely (1) a global control scheme (slow scheduling interval every hour) and (2) a local control scheme (fast scheduling interval every second), as shown in Figure 1 . To achieve energy saving via voltage reduction, the global control scheme schedules the hourly operations of the OLTC, CBs, and the smart inverters of PV systems and ESSs. The global scheme is formulated in a predicted horizon-based look-ahead optimization problem with a predicted load and a PV power output, as explained in Section 3.1. In this paper, the operation times for OLTC and CB are assumed to be between 10 s and several minutes, which are obviously less than hourly scheduling time resolution in the global control scheme. Therefore, OLTC and CB can be successfully scheduled every hour to achieve the CVR at the global level. We also assume that the forecast error in the prediction horizon can be small by recent advanced machine learning-based forecasting technique such as deep learning method and hence do not quantify the impact of this error on the results of the proposed approach. Based on this assumption, in our simulation, load and generation data are set to average value of historical data over one-hour resolution. Load data are typical commercial energy consumption profile, and PV output data are generated according to a typical weather condition. On the other hand, the intermittent PV power output due to cloud movements could vary significantly and lead to local voltage limit violations. To resolve this issue, a local control scheme for CVR was designed and is presented in Section 3.2. In the local control scheme, by using the proposed CVR-based piecewise droop control functions, the smart inverters of the PV systems and ESSs can maintain a lower voltage profile by injecting and absorbing real/reactive power quickly. In this paper, the superscripts * and * * of the variables represent the optimal solutions of the global and local control schemes, respectively. 
Modeling and Solution Methodology of the Proposed CVR Framework

Global Control Scheme
The global control scheme is formulated as a multi-objective optimization problem as follows:
For each node i, with scheduling period h and prediction horizon N h , the goal of the MILP-based CVR optimization problem is the minimization of the following multi objective function:
In Equation (1), the first term is the total gap between the voltages and their lowest limits for all nodes during the prediction horizon, where the voltage deviation at each node has a non-negative value. The second term is the total gap between the varying state of charge (SOC) of the ESS and the middle level of the SOC. Therefore, the optimization problem focuses on minimizing these two objective functions simultaneously to obtain the desired CVR benefits through voltage reduction while preventing the SOC from reaching its upper or lower limits quickly. The positive parameters ω 1 (0 ≤ ω 1 ≤ 1) and 1 − ω 1 are penalty terms for voltage reduction and SOC regulation, respectively. A larger ω 1 leads to a larger h,i along with greater voltage reduction, thus resulting in increasing the consumer's energy savings, but limiting the charge and discharge of the ESS for voltage regulation because of the smaller penalty parameter 1 − ω 1 . Using the previously described objective function, the proposed CVR optimization problem can be formulated with the following linear equality/inequality constraints.
CVR Constraints
According to the American National Standards Institute (ANSI) standard C84.1, voltages for residential customers should be maintained at 120 V ±5% (114−126 V). The key principle of CVR is to limit the voltage profile to within the lower half range (114−120 V) to reduce energy consumption and achieve the desired quality of voltage. In this context, the voltage constraint considering CVR operation is defined as
In the objective function Equation (1), the minimization of h,i guarantees that the voltage profile at any node i will become as low as possible according to its minimum limit, thus maximizing the effects of CVR.
Distribution Power Flow and Load Model
Equations (3), (4), and (5) represent the linearized distribution real power flow, reactive power flow, and voltage for node i at period h, respectively [36] :
Equation (6) represents substation voltage, which can be determined by the OLTC tap position Tap OLTC h , along with the step size used to change tap positions a OLTC :
For each node i, the nodal real and reactive power balance equations can be expressed in terms of the real and/or reactive power of the load, CBs, and DERs as follows:
In Equations (7) and (8), the real and reactive powers of load consumption are defined based on an exponential load model
Here, each of the real and reactive load consumptions depends on its corresponding voltage and certain specified exponents, α and β, respectively. In Equations (9) and (10), X DR h,i indicates the amount of load reduction within [0, 1], obtained via the DR program. In the scope of our work, load reduction can be carried out by controllable appliances such as air conditioners. For example, if X DR h,i = 0, no load reduction occurs for node i at period h. Some controllable appliances should turn off when X DR h,i is greater than zero.
To formulate the proposed CVR algorithm in the MILP optimization problem, the nonlinear equations for load consumption Equations (9) and (10) have to be linearized. To this end, the piecewise linear approximation method is adopted as follows:
where
In Equations (9) and (10), the exponential voltage terms for the real and reactive load consumption can be approximated via piecewise linearization, expressed in Equations (11) and (12) . For a total of K breaking points, ∆V k h,i is the increment in V h,i in the kth piecewise interval (k = 1, . . . , K) in Equation (13) , and the sum of ∆V h,i,k for all piecewise blocks is defined as V h,i in Equation (14) . Equations (15), (16) , and (17) ensure that each piecewise linear block is sequentially filled up with ∆V h,i,k from left to right. The slopes of the kth piecewise linear block for real and reactive load consumption are described in Equations (18) and (19).
ESS Operation
For the ESS at node i, Equation (20) defines the operational dynamics of its SOC at the current hour h in terms of its SOC at the previous hour h − 1, its battery capacity E ESS,max i , its charging and discharging efficiency, η ch i and η dch i , and its charging and discharging power, P ESS,ch h,i
and P
. The capacity constraint of the SOC is presented in Equation (21):
It should be noted that, in Equation (21), the SOC is bounded by
where the SOC regulation variable ζ h,i determines the range of the SOC with a predefined threshold ζ th for node i at every hour h. Equations (22) and (23) are constraints on the charging and discharging powers of the ESS, where b ESS h,i represents a binary decision variable that determines the on/off status of the ESS. No reserved charging real power is required in Equation (22) . In contrast, the maximum discharging real power is limited in Equation (23) by:
where P ESS,res i is the reserved real power for the local control scheme that is described in the following subsection.
Reactive Power Capability of DERs
The reactive power capability of the PV systems and the ESS at node i can be described in terms of the minimum power factor (PF PV,min , PF ESS,min ), the predicted PV real power output ( P PV h,i ), the charging/discharging power of the ESS (P
ESS,res i
). In particular, the solution for the reactive power of DER at the global control level is embedded into the local droop curves.
In this study, the power factor at any interconnected point between the grid and the DERs is assumed to be between 0.9 leading and 0.9 lagging.
It should be noted that some amount of the available real and reactive power of the DERs needs to be reserved at the global level for local control. If no power is reserved for the PV systems and ESSs, they may not be able to resolve rapid violations of local voltages owing to the cloud transients because all of their voltage regulating capabilities will be involved at the global control level. The reserved power for the local control can be calculated using the following equations:
where V th i in the local droop curve is set to determine the reserved power for each DER. As the value of V th i decreases (or increases), more (or less) reserved power is required. More reserved power allows for greater flexibility in the local CVR control. However, it also allows for more limited voltage regulating capabilities for the DER in the global control level, consequently degrading the performance of the global optimization. The value of V th i can be determined by system operators according to weather and loading conditions. In addition, * h,i , which is calculated at the global level, is also embedded into the local droop curves, with which the voltage is regulated to keep it below the value of V min + * h,i .
Voltage Regulating Device Operation
For the CB at node i, its reactive output is calculated at every scheduling period h as follows: 
In the formulation of the MILP optimization problem, the nonlinear constraints expressed in Equations (36) and (37) can be linearized as
where the linear constraints in Equations (38), (39) and (40) and (41), (42) and (43) correspond to the nonlinear constraints shown in Equations (36) and (37), respectively. Finally, the range of allowable voltages for all nodes can be expressed as
where V min and V max are selected to be 0.95 p.u. and 1.05 p.u.
Local Control Scheme
In this subsection, the local voltage control scheme is described, in which the real and reactive power outputs are locally injected or absorbed via the operation of the smart inverters of the PV systems and ESSs based on the proposed droop control functions. It should be noted that sudden changes in weather conditions (e.g., intermittent cloud movements) generate uncertain fluctuations in the output of the PV system, leading to fast and unexpected voltage violations at the points of interconnection between the grid and the PV systems. In such a scenario with transient clouds, the fast-responding smart inverters of DERs are more effective at rapidly mitigating voltage violations than the slow-responding VRs.
The proposed local control scheme is initiated when a voltage violation is detected via real-time local voltage measurements at the smart inverter. The smart inverter then starts providing further power support quickly according to the collected local voltage measurements and its control settings. To achieve the desired CVR operation, two droop curves, corresponding to Volt-VAR control for PV systems and ESSs and Volt-Watt control for ESSs, are proposed as shown in Figure 2a Figure 2a,b show the proposed piecewise droop control curves associated with the reactive power outputs of both the PV systems and the ESSs, and to the real power output of the ESSs, respectively. These droop control curves are updated using the optimization solution of the global control scheme, (P * h,i , Q * h,i , and * h,i ), every hour. In the local control scheme, the power outputs of the PV systems and the ESSs are calculated using the droop curves along with local voltage measurements. If the local voltage measurements are in the acceptable range of voltage (shaded region), the output powers of the PV systems and ESSs remain the same as the solution obtained from the global control scheme. Otherwise, the output powers of the PV systems and ESSs are recalculated based on the droop curves. The proposed Volt-VAR and Volt-Watt droop curves can be expressed, respectively, as follows:
(45)
As shown in Figure 2b , the aforementioned reserved power is associated with only the discharging mode of the ESSs, and thus the Volt-Watt droop curve is more asymmetric than the Volt-VAR droop curve shown in Figure 2a . Even though the voltage deviates from the maximum CVR voltage limit within the acceptable range (V min + * h,i ≤ V ≤ V max ), the ESSs never charge real power during the local control process. This design is motivated by our purpose to minimize the real power drawn into the substation and to reduce the number of charging and discharging cycles of the ESSs, considering only the mitigation of upper voltage limit violations (not considering CVR energy savings). However, if Volt-Watt curve is designed with some slope for real power charging process, which is similar to Volt-VAR curve for reactive power absorbing process, more CVR energy savings could be achieved at the expense of more frequent charging and discharging cycles of the ESSs outside the range of V min ≤ V ≤ V min + * h,i . Lastly, for the local control, we assume that the reactive power from the PV systems and the ESSs can be first used to achieve CVR where the PV systems have a higher priority to regulate voltage than the ESSs. If the amount of injecting and/or absorbing reactive power from the PV systems and the ESSs is not sufficient for voltage regulation, the real power capability of the ESSs is then used.
Simulation Results
Simulation Setup
In this section, we analyze the performance of the proposed CVR method in the IEEE 33-bus distribution test system [36] , which is in Figure 3 . In this test system, the base MVA is set to be 100 MVA. To more clearly quantify the impact of VRs and DERs on CVR, the IEEE 33-bus system is modified with the addition of 18 voltage regulating devices, including an OLTC, nine CBs, and four smart inverters for both PV systems and ESSs. The OLTC at the substatioin has a tap position with an integer value (−10 ≤ Tap The initial, minimum, and maximum SOCs are 0.3, 0.3, and 1.0, respectively, and the charging and discharging efficiencies η ch i and η dch i are both 95%. For simplicity, we assume that the predicted load coefficient shown in Figure 4a and the PV generation output P PV h,i shown in Figure 4b are identical for all nodes in the test system, and could be obtained accurately. The two exponents of the exponential load model are set to α = 1.5 and β = 3.15. Furthermore, each consumer is assumed to join the DR program and accepts DR reduction requests.
Initially, we assume that there are no demand reductions, so X DR h,i = 0. At the global level, the scheduling period is 1 h with a predicted horizon N h = 4 h. In the droop control curve at the local level, the voltage threshold, V th i , is set to 0.94 p.u. Numerical testing is performed using the optimization toolbox in MATLAB R2015b (MathWorks, Natick, Massachusetts, USA) (Intel Core i5 CPU (Santa Clara, California, USA) clocking at 3.0 GHz and 4 GB of RAM). 
Performance Assessment of the Proposed CVR Framework
In this subsection, we demonstrate the merit of the proposed CVR method in the following three cases: In Case 1, a traditional VVO method to maintain voltage within an acceptable range is simulated, for which the objective function Equation (1) is replaced by |V h,i − V nom | and the CVR constraint in Equation (2) as well as the SOC regulation constraints in Equations (24), (25) , and (26) are deleted. In Case 2, the terms related to the PV systems and the ESSs in Equations (7) and (8) and all the SOC constraints presented in Equations (20), (21), (22), (23), (24), (25) , and (26) are deleted. Furthermore, as only OLTC and CBs can regulate feeder voltages in Case 2, the terms related to the reserved power of the PV systems and the ESSs in Equations (27) , (28), (29) , and (30) are also eliminated. Our proposed algorithm is demonstrated in Case 3. For all three cases, the voltage profiles for all nodes at 2:00 p.m. are compared, as shown in Figure 5 . We first verify that the voltage at the end of the feeder (node 18) has the lowest value. In general, the potential voltage drop for CVR is limited by the voltage at node 18. From Figure 5 , we can list the three cases in decreasing order of magnitude of voltage: Case 1 > Case 2 > Case 3. Compared with Case 1, Cases 2 and 3 show that the proposed CVR-based objective function and constraints explicitly contribute to reduce the voltage profile.
Comparing Cases 2 and 3, we observe that the voltage in Case 3 is lower than in Case 2, and the slope of the voltage drop in the former is more gentle than that in the latter. This is because the injected real and/or reactive power from the PV systems and the ESSs can increase the voltage profile to provide more room for voltage reduction along the feeder, thus allowing the OLTC to more flexibly tap down the voltage at the substation. For example, in Case 2, the voltage at node 18 already hits the lowest limit, so the OLTC could no longer lower the tap position. However, in Case 3, some injecting mode PV systems and ESSs allow the OLTC to reduce the voltage profile along the feeder while the other absorbing mode PV systems and ESSs guarantee that voltage at some node reaches its lowest limit. This phenomenon, which allows for more flexible OLTC operation, is verified as shown in Figure 5 , where it is clear that the substation voltage (at node 1) in Case 3 is considerably lower than in the other two cases. Figure 6 shows the injected real and reactive powers at the substation with and without the proposed algorithm. To fairly assess the CVR performance of the proposed approach in the same situation, Case 1 (without CVR) and Case 3 (with CVR) are compared, both of which consider PV systems and ESSs in the distribution test system. As shown in Figure 6 , less real and reactive power is consumed in Case 3 at the substation than in Case 1. Compared with Case 1, the scheme used in Case 3 achieves energy savings of real and reactive power of 3.58% and 3.62%, calculated using the following performance index:
where X represents either real power P or reactive power Q. Figure 7a-d show the operating schedule of the CBs, the OLTC, the PV systems, and the ESSs for 24 h in Case 3, respectively. It should be noted that all nine CBs switch on at 5:00 a.m., 2:00 p.m., and 5:00 p.m. as shown in Figure 7a . In these scheduling periods, it is clear from Figure 7b that the OLTC selects the lower tap position by changing: (i) from tap position −1 to position −2 at 5:00 a.m.; and (ii) from tap position 6 to position 5 at both 2:00 p.m. and 5:00 p.m. This observation derives from the fact that the CBs can fully support raising the voltage profile using their reactive power, which in turn enables the OLTC to lower the voltage along the feeder to a greater extent. We also verify from Figure 7c that all four PVs inject their reactive power at the same scheduling periods along with the switch on state of the CBs, increasing their voltage profiles and consequently resulting in an additional voltage reduction from the OLTC. Figure 7d compares the scheduled SOC levels of four ESSs during 24 h. We can see from this figure that all the ESSs charge their batteries at 5:00 a.m., which consequently lead to a reduction of the voltage level. This is different from the operation of CBs and PV systems, which aim to increase the voltage profile. Indeed, the loading conditions at 5:00 a.m., shown in Figure 4a are the lowest during 24-h period being considered, and thus the corresponding voltage profile is relatively higher than at other times. In this experimental environment, while the OLTC sets its tap position as low as possible, the ESSs further decrease the voltage by absorbing real power. On the other contrary, we see in Figure 7d that most ESSs (except the ESS connected to node 16 at 2:00 p.m.) significantly discharge their batteries at 2:00 p.m. and 5:00 p.m. to assist the OLTC to further reduce voltage at the substation. We then evaluate the performance of the local control scheme in Case 3. A 10-min PV real power output profile is used, in which the PV output suddenly drops at 2:00 p.m. as shown in Figure 8 . Based on this given profile of the PV output, Figure 9a shows the voltage at nodes 16 and 31 (which have PV systems/ESSs) with and without the local control scheme. We see from this figure that the local control starts to increase the voltage at node 31 after approximately 40 s when the voltage violation at node 31 is detected. Figure 9b shows the impact of local control on voltage levels at nodes 14 and 30, which have no PV systems or ESSs. We can also see from this figure that the voltages at these nodes increase slightly when the local control process is executed at the other nodes with PV systems and ESSs. Figure 10 shows the impact of demand reduction on the voltage profile in the proposed CVR algorithm. For simplicity, we assume that all nodes have identical demand reduction. Figure 10a -c correspond to no reduction, 10% reduction, and 20% reduction, respectively, based on the load profile shown in Figure 4a . We see from these figures that, as the demand reduction increases, voltage at all nodes during all scheduling periods decreases. This is because demand reduction leads to an increase in the feeder voltage profile so that additional room for voltage reduction in the proposed CVR framework can be achieved. As a result, an optimal coordination between the OLTC, CBs, and DERs in the proposed framework can further lower the voltage profile along the feeder as demand reduction increases. In the traditional VVO framework without CVR, demand reduction may not provide customers with their desired energy savings owing to increases in voltage that trigger following demand reduction. This phenomenon is known as demand response mismatch (DRM) [32] . The adverse effects of DRM on energy saving worsen with increasing customer participation in DR programs. Even under DRM conditions, the proposed CVR approach can achieve energy savings via the reduction of the voltage profiles. As the rate of DR participation increases, the relative energy saving of the proposed method compared with that of no-CVR methods becomes more significant. Lastly, we emphasize the main contributions of our paper as follows. Much of the recent research on distributed and hierarchical VVO methods have focused on only on maintaining voltage quality (within the acceptable voltage range) without explicitly considering energy savings from CVR. Compared to the existing work, we aim to present the hierarchical CVR approach (a global control and a local control) to lower distribution voltages to allow for consumer energy savings.
First, unlike the existing CVR optimization formulation that minimizes the real power drawn into the substation, our optimization problem in the global control scheme has been formulated to explicitly minimize the value of h,i (i.e., positive voltage deviation from its lowest limit) with incorporating its corresponding constraints into the optimization problem. This formulation has been motivated by the principle of CVR.
Second, we design asymmetric piecewise droop control curves (a Volt-VAR curve for PV systems/ESSs and a Volt-Watt curve for ESSs) that can be used to conduct CVR in the local control scheme. In general, conventional local voltage droop curves are symmetric because they do not consider the operation of CVR. On the other hand, our local droop curves explicitly involve the operation of CVR and become asymmetric by setting the parameters of the optimal solutions from the global control scheme (e.g., h,i ) while the global control scheme is executed optimally. To the best of the authors knowledge, this work is the first to develop the CVR algorithm at the local level using the asymmetric local droop curves with the global CVR optimization formulation according to the principle of CVR.
Conclusions
In this paper, a distributed and hierarchical multi-time scale CVR framework is proposed to achieve energy savings through the reduction of the voltage along the distribution feeder. The proposed framework consists of global and local control schemes. The former reduces the voltage of the entire feeder and achieve energy saving by dispatching hourly real and/or reactive power from CBs, PV systems, and ESSs along with the scheduling of the OLTC tap position in a look-ahead optimization framework. When local voltage violations owing to intermittent PV power output are detected during an hourly dispatch interval, the local control scheme operates based on the proposed droop control functions every second to mitigate voltage violations, achieving further energy savings. Numerical examples simulated in the IEEE 33-bus system confirm the effectiveness of the proposed method in terms of voltage profile reduction along the distribution feeder and energy saving.
In future works, a practical implementation of the proposed CVR approach will be developed and tested in a large-scale realistic unbalanced distribution system. Another interesting direction for future research is to investigate the optimal location of the DERs and CBs to achieve the highest energy savings via CVR from the perspective of power system planning. 
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